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Abstract: This paper evaluates the impact of membership of the Business Development Groups
(BDG), a participatory extension programme in Northern Ireland on the economic performance of
participating farmers for dairy and sheep enterprise groups. The study employs the conditional
difference-in-differences approach which combines a non-parametric matching estimator with a
difference-in-differences analytical technique to obtain a credible best-estimates of the causal effect
of BDG membership on farmers’ economic performance assuming that BDG participation is as
good as random after controlling for observable farm characteristics and that the parallel trends
assumption holds between BDG participants and non-participants. The results of the analyses
showed that membership in the BDG programme has a statistically significant impact on the economic
performance of participating farmers. Specifically, the results showed that farmers who are members
of the dairy and sheep BDGs increased their gross margin by £109.10 and £17.10 per head respectively
compared to farmers that are non-members of the BDGs. The results of the study provide robust
evidence to inform policy development around the area of participatory extension programmes. It
also supports the design of efficient agricultural education and extension systems that incorporates
the ideas of the farmers themselves through peer-to-peer learning thereby maximising the economic
and social benefits accruable from such programmes.
Keywords: impact assessment; participatory extension; conditional difference-in-differences;
matching; Business Development Groups; Northern Ireland
1. Introduction
Effective agricultural extension programmes can increase the productivity and innova-
tion capacity of farming businesses by helping farmers as managers to augment their skills
and knowledge as well as embrace new technologies and best practices [1,2]. However, the
extent to which farmers benefit from such extension programmes depends largely on the
design of the programme. Agricultural extension service programmes have to be designed
with the capacity to improve farm performance and connect emerging research to on-farm
practices [3–7]. The international literature commonly identifies four major strands of
agricultural extension methods: linear technology transfer, one-to-one advice, structured
education and training, and participatory extension methods [4,8,9]. National advisory
programmes around the world have tended to adopt a range and combination of these
methods to fulfil their farm-level extension remit.
Northern Ireland has historically delivered extension services on an advisor to farm,
one-to-one basis using a top-down approach [1]. However, this approach has limitations
regarding the extent of its coverage to farmers and its inability to account for the current,
more complex agricultural production environment which requires more responsive and
innovative approaches. In a bid to improve economic performance at the farm-level through
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fostering the competitiveness of agriculture and ensuring the sustainable management of
resources, the Northern Ireland College of Agriculture, Food and Rural Enterprise (CAFRE)
adopted, in March 2016, a new approach to advisory service provision for farmers namely;
Business Development Groups (BDG’s). The BDG is a knowledge transfer scheme that
forms part of a wider programme, the Farm Business Improvement Scheme (FBIS), part-
funded by the EU through Pillar II of the Northern Ireland Rural Development Programme
2014–2020 [10].
The BDG programme employs a group approach aimed at improving the performance
of farm businesses through facilitated ‘peer-to-peer’ learning to encourage the fostering
of knowledge capital and knowledge exchange between actors. Farmers participating in
the scheme have farm key performance indicators recorded and benchmarked every year
to identify areas for potential improvement for the period for which they are members
of the BDGs. Participating BDG members maintain an active business development plan,
attend training events, and share benchmarking information with other group members.
Each farmer also hosts a group training event on their farm during the lifetime of the
scheme. Interactions are held under the guidance of a facilitator to bring in new ideas
and foster innovation, particularly around the use of new technologies. This gives the
farmers improved access to local and expert knowledge, as well as well-functioning social
networks that promote rural innovations. The farmers meet formally six to eight times a
year, providing them with an opportunity to talk about their own farm business issues,
including responses to wider market, policy and technology drivers. The allocation to
groups is by main farm enterprise and farm location [11].
As with other publicly funded programmes, evaluating the scheme’s effectiveness
in meeting defined objectives is of pivotal consideration. This is particularly around
quantifying the ‘value for money’ aspect of the scheme while providing robust evidence
for future programme developments. Specifically, the objective of this study is to obtain
a credible best-estimate of the impact of membership of the Northern Ireland farmers’
Business Development Groups (BDGs) on-farm gross margin for the dairy and sheep
enterprise groups.
This study contributes to the existing literature by analysing the impact of membership
of participatory extension groups on farm income for different enterprise groups. This is
essential as the type and mode of operation of the participatory extension group which
a farmer is a member of could affect the benefits accruable from the membership of
such groups. Previous studies have focused on only one type of enterprise, for example,
Hennessy and Heanue [3] and Läpple, Hennessy and Newman [5]. Secondly, unlike
previous studies, we take advantage of both the longitudinal nature of the FBIS dataset and
the Northern Ireland Farm Business Survey (NBS) to estimate the impact of membership
of the BDG programme on-farm economic performance making use of the conditional
difference-in-differences approach which previously has had limited application in the
agricultural extension and education evaluation literature. The methodology addresses
the problem of endogeneity by combining a non-parametric matching approach with a
difference-in-differences analytical technique to facilitate us obtaining a credible estimate
of the impact of BDG membership in a nonexperimental context.
The results of the study will provide evidence to inform policy development around
the area of participatory extension programmes.
The remaining sections of this paper are organised as follows: Section 2 provides a
comprehensive literature review while Section 3 describes the methodology. Section 4
explains the nature of the data used and describes the characteristics of the BDG groups.
The results and discussion are presented in Section 5 and finally, Section 6 concludes
the paper.
2. Literature Review
The goal of programme evaluation in an economic context is to assess the value of the
participant’s outcome from membership of the programme compared to the counterfactual
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outcome, that is, if they had not participated in the programme. In practice, this is not
a trivial task. The fundamental evaluation problem arises because it is not possible to
observe the same person in both states (i.e., participation and non-participation) nor at
the same time [12,13]. As a result, the programme evaluation literature has advanced
methodological solutions to address these challenges in identifying causal policy effects.
Generally, there are two main approaches to measuring programme impacts: experi-
mental and non-experimental methods. The experimental approach has the advantage of
having a control group that has the same distributions of both observed and unobserved
characteristics as the treatment group such that, the treatment effect can be estimated from
the mean difference in outcome between the treated and the control group [14]. However,
the approach is usually expensive, time-consuming and (especially in Europe) considered
to be non-ethical [12,14–17]. On the other hand, the non-experimental approach is less
expensive and less intrusive and can, in fact, be the only alternative for some questions of
interest, for example, when enrolment into a programme is voluntary as is the case with
the BDG scheme [12].
Despite its advantages, a significant obstacle to using the non-experimental approach
is the econometric issue of endogeneity (omitted variable bias, measurement error, and
self-selection) inherent in non-experimental evaluations [18–20]. For example, participation
in the BDG programme is voluntary such that the decision to participate in the programme
is likely to be influenced by characteristics that are in turn related to farm performance.
The implication of this is that aside from their participation status, there are systematic
differences between farmers in the treated (farmers that participate in the BDG programme)
and the control groups (farmers that do not participate in the BDG programme) either in
terms of observed or unobserved characteristics. For example, better educated and/or
younger farmers with greater access to information may be more inclined to join a BDG
compared to less educated and/or older farmers. Farmers may also, as previous stud-
ies suggest, be more likely to adopt technologies they are exposed to as a result of their
membership of and participation in a group and this subsequently impacts their farm per-
formance [5,6,21]. Therefore, any attempt to estimate the mean impact of the programme as
the mean difference between the treated and the control group will yield biased results [22].
Previous research on the impact of membership of participatory extension programmes
on-farm performance included studies by Hennessy and Heanue [3] who assessed the
effect of membership of dairy participatory extension groups on technology adoption
and farm profit in Ireland, using a multiple regression technique on cross-sectional data.
They concluded from their study that membership of participatory extension groups in-
creases technology adoption and farm profit. However, a limitation of this study is that
it omitted accounting for selection bias and other confounding factors that could result
in biased estimates of the programme impact [23,24]. Some studies have tried to address
this endogeneity issue by employing other approaches. Examples of such studies include
Läpple, Hennessy and Newman [5] who employed the endogenous switching regression
model to quantify the benefit of membership in a dairy participatory extension group
in Ireland. However, because the switching model relies on conditional expectations of
impact based on non-participation in the extension programme compared with the actual
results; it implies that it is based on the hypothetical case of an outcome [20]. Läpple
and Hennessy [25] also analysed the impact of incentives to participate in an extension
programme in Ireland using the propensity score matching (PSM) methodology. They
found that farmers who joined the dairy participatory extension group when no incentive
was given significantly improved their farm performance in terms of gross margins and
yields compared to farmers who joined the group when financial incentives were included.
Similarly, Tamini [6] employed the propensity score matching (PSM) approach to evaluate
the impact of agri-environmental extension activities on best management practices in
relation to environmental goods by farmers in the province of Quebec, Canada. The results
showed that participation in extension services and advisory clubs positively impacts the
probability of adopting best management practices. Although the use of the propensity
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score matching can account for selection bias due to observed differences, reducing the
conventional measure of bias substantially, it does not entirely eliminate it as it relies on a
number of decisive steps based on the quality of data and underpinning assumptions often
involving a trade-off between bias and efficiency [14,16,20,26]. The approach also does not
correct for bias resulting from differences in unobserved characteristics.
The use of instrumental variable techniques by Cawley, O’Donoghue, Heanue, Hilliard,
Sheehan and Stefanou [20] proved to be an advancement over the PSM or endogenous
switching regression approach as it is characterised by high internal validity ensuring
that endogeneity concerns are addressed. The approach can take into consideration ob-
served and unobserved factors correcting for selection bias in estimating the impact of
the programme. In their study, they showed that membership of participatory extension
programmes significantly increased farm income and that OLS estimates underestimated
the impact. However, the use of the instrumental variable technique requires the inclusion
of appropriate selection instruments that affect the probability to participate but do not
affect the outcome [27]. Valid instruments are usually difficult to find and the fact that
the instruments affect the dependent variable only through the endogenous regressor
implies that it measures only the average causal effect for the entities affected by the instru-
ment (Local Average Treatment Effect, (LATE)) rather than the average treatment effect
(ATE) [28].
In this paper, we address the problem of endogeneity without relying on the validity
of an instrument to estimate the causal effect of the membership of the BDG programme on
farm income. Recent literature has emphasized the strength of combining a difference-in-
difference (DID) approach with propensity score matching (PSM) [29]. Examples of such
studies include Davis et al. [30] where they employed a combination of matching estima-
tors (propensity score matching and covariate matching) and the difference-in-difference
approach to evaluate the impact of farmer field school (FFS) project on poverty alleviation
and agricultural productivity in East Africa between 1999 and 2008. A similar methodology
was also employed by Rose [31] to systematically evaluate the impact of active labour
market policy (ALMP) schemes on the well-being of the unemployed. Bakucs et al. [32]
measured the effect of rural development support on the well-being of Hungarian regions
between 2008 and 2013 using the same methodology. The methodology is also employed
by Su, et al. [33] to evaluate the effect of urban and rural resident medical insurance scheme
(URRMI) on the utilisation of medical services by urban and rural residents in the four
pilot provinces in China. Udagawa, Hodge and Reader [29] employed the methodology to
examine the impact of participation in the Entry Level Stewardship (ELS) scheme on cereal
farm incomes in eastern England.
3. Materials and Methods
In this study, we analysed the impact of BDG membership on economic performance,
this is measured based on farm-level gross margins for dairy and sheep groups using
the conditional difference-in-differences approach. The methodology combines a non-
parametric score matching estimator with a difference-in-differences (DiD) estimator. In
the following section, we explain our estimation strategy in detail and provide the rationale
for utilising our chosen approach.
3.1. Estimation Strategy
To measure the impact of membership of the BDG programme, our estimation strategy
follows the framework developed by Rubin [34]. Taking Y1i as the income of a farmer
who joined the BDG programme and Y0i as the income of the farmer if he or she had not
joined the BDG programme. The overall programme impact of membership of the BDG
programme can be identified as the average treatment effect on the treated units. This
can be obtained as the difference in farm income (∆Y) between the income of farmers
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where ∆Yi = Y1i −Y0i .
Y1i and Y
0
i as already defined, represent the income of the farmer i if he or she is
in a BDG group (D = 1) and if not in the BDG group (D = 0) respectively while N1 is
the number of farmers in the BDG group under consideration. However, Y0i cannot be
observed directly from the data for the farmers in the BDG programme (counterfactual
outcome). To estimate the average treatment effect of membership of a BDG group, the
unobservable counterfactual outcome will have to be replaced by a proxy that can be
measured. The literature identifies two ways in which to achieve this. The first is to
explore the situation of the farmers before and after they join the BDG programme and
the other is to identify a control group consisting of farmers who are not members of
the BDG programme based on the crucial “parallel trend assumption”. However, given
that the farm business entity might be subjected to changes in the policy environment or
could improve productivity over the observation period, the before-and-after identifying
assumption in itself might result in biased impact estimates [29,35]. On the other hand, the
farmers who are members of the BDG programme and those that are not members are likely
to differ in their characteristics which might influence their farm economic performance.
As a result, the mean of the outcome variable of non-members of the BDG programme
is not sufficient to identify the counterfactual. This fundamental evaluation problem
can be minimized through the application of the “Conditional Difference-in-Differences”
methodology employed in this study assuming that the parallel trend assumption holds.
Although there is no specific way to determine if the assumption is true, its plausibility can
be visually assessed by plotting the income trajectories of the treatment and control groups
for the pre-treatment period [36]. However, in the absence of pre-treatment data, recent
studies have employed the “Conditional Difference-in-Differences” methodology to make
the parallel trend assumption more plausible by combining a propensity score matching
approach with difference-in-differences (DiD) analytical technique [36]. The Conditional
Difference-in-Differences approach allows for the balancing of the treatment and control
groups with respect to the observed characteristics X making the parallel trend assumption
more plausible. It is important to mention that in conducting our analysis, we also assume
that there is no interference (spill overs) between members and non-members of the BDGs,
such that each farmer’s treatment status does not affect the potential outcomes of other
farmers and that treatment is homogeneous across the BDG groups (Stable Unit Treatment
Value Assumption (or SUTVA)) [37].
3.2. The Conditional Difference-in-Differences Methodology
The “Conditional Difference-in-Differences” methodology combines a propensity
score matching approach with difference-in-differences (DiD) analysis to obtain a credible
estimate of the causal effect of BDG membership on farmers’ income. The approach is
attractive because it can control for time-invariant unobserved heterogeneities and at
the same time reduce selection bias that arises with simple comparisons [14,16,29,38].
Selection bias is alleviated when a treatment unit is matched individually with control units
that are as similar as possible in observable characteristics that are critical to programme
participation and the subsequent outcome. The DiD approach estimates the treatment
effect by the change in outcome variable between the members and non-members of the
BDG programme based on the matched datasets [14,16,22,39]. Smith and Todd [14] found
the conditional DiD methodology to perform much better than cross-sectional methods in
cases where participants and non-participants are drawn from different samples.
Suppose subscript t represents the time of enrolment into the programme while
subscript k denotes the time period after the programme starts with k ≥ 0 and farm j
belongs to the control (i.e., non-members of the BDG programme) group, while X is the set
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of observable characteristics on which the members and non-members of the BDG groups
are matched.
The conditional DiD estimator can be defined as presented in Equation (2). The
treatment indicator in the DiD setting requires the absence of any intervention in the
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where Y1i, t+k is the outcome (farm gross margin) for a farmer after joining the BDG and




j,t−1 represents the outcome
for the control group after and before joining the BDG programme respectively. In our
model, our base year (t − 1) is 2015. This is the year preceding the setting up of the BDG
groups in 2016 (t) and our evaluation period is three years after farmers have joined the
BDG groups (t + 3). A positive (negative) ∆Y indicates an increase (decrease) in farm
gross margin for the treated farms (BDG members) in comparison with the control farms
(non-BDG members).
3.3. Matching Procedure
Matching is based on the Conditional Independence Assumption (CIA). The assump-
tion is required to estimate the average income of the BDG members if they were not
members of the BDG group. It implies that we can equate the average income of non-BDG
members to those of BDG members on the condition that there exist a set of observable
characteristics X such that





∣∣∣D = 0, X) (3)
Based on the above CIA assumption, the average treatment effect of membership of










The counterfactual farm income of non-BDG membership for a farmer who is a
member of a BDG group is estimated by implementing a weight function wi,j in the sample
of farmers who are not members of the BDG group relative to the observable characteristics
X of each farmer i. The weight function gives a higher weight to farmers that are not
members of the BDG group and who have a high similarity in X relative to farmers that are
members of the BDG group and a lower weight when there is a low level of similarity in X.
Based on the weight function, the potential non-BDG membership gross margin for each
farmer that is a member of the BDG group are estimated based on the sample of farmers
that are not members of BDG group with weights summing up to 1.
∑
j∈{D=0}
wi,j = 1 (5)
Following Equation (1) and drawing on observable information from the non-experimental
datasets the average impact of the membership of the BDG programme on-farm gross
margin can be estimated consistently by the difference-in-differences in means between
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Rosenbaum and Rubin [13] suggest conditioning on a propensity score (propensity
score matching) instead of conditioning on X. The propensity score is defined as the
probability of participation for farm i given a set X = xi of farm characteristics. With
participation in the BDG programme serving as the endogenous variable, we estimate the
conditional DiD following Villa [40] using STATA software allowing for the standard errors
and t-values to be automatically generated. There are a variety of matching algorithms
in the literature including the nearest neighbour matching, calliper matching, radius
matching, stratification matching, interval matching, kernel matching and local linear
matching. Generally, the selection of any one of the algorithms is mainly at the discretion
of the researcher and the structure of available data [41]. In this study, we employed the
non-parametric Epanechnikov kernel matching algorithm with replacement to achieve the
best balancing quality among the covariates [26,33,40]. Previous studies by Caliendo and
Kopeinig [26] have shown that matching algorithms ‘with replacement’ performed better
in comparison to ‘without replacement’. The matching with replacement algorithm was
also chosen given the limitation posed by data availability such that control farms can serve
more than once as a control unit. The kernel weight is calculated using a kernel function
with a selected bandwidth parameter of 0.06. In carrying out the matching, a common
support requirement is implemented so that only pairs within the common support region
are included in the DiD analysis [39,40]. Based on our review of the literature and data
availability, the covariates included in the probit model used for computing the propensity
scores include herd size, land area and age of the farmer. For the sheep BDG group, land
type variable (Generally, farms in Northern Ireland like other parts of the UK are classified
into Lowland (LL), Disadvantaged Area (DA) and Severely Disadvantaged Area (SDA).
Farms classified as DA and SDA have all or most of their land within the Less Favoured
Area (LFA). A holding is classified as LL if less than 50 per cent of its total area is in the
LFA [42]), was also included as a categorical variable with lowland as the reference point
(i.e., LL = 1; DA = 2; SDA = 3). However, it was not included for the dairy BGD group
as most dairy farms are located in LL areas. Due to data limitations, we were not able to
include more variables in the matching. Moreover, only those farmers who were in the
BDG over the three year period (2016 to 2019) were included in our analyses. Although this
reduces our sample size, it was necessary to ensure consistency and to ensure homogeneity,
as much as possible, in our sample group.
4. Data and Descriptive Statistics
The study analysis used data obtained from the CAFRE Farm Business Improvement
Scheme (FBIS)—Longitudinal Study benchmarking data and the Farm Business Survey
(FBS) data. While data for the members of the BDG group was obtained from the FBIS
benchmarking data collected annually from the members of the BDG programme (treat-
ment group), data for non-members was obtained from the farm business survey (FBS)
data collected by the Department of Agriculture, Environment and Rural Affairs (DAERA)
Statistics and Analytical Services Branch [43]. The benchmarking and FBS data contain
detailed information regarding the financial position of the farm business, and they are
compiled using comparable accounting standards. The analysis comprised two BDG en-
terprise groups, namely: dairy and sheep enterprise groups. The economic performance
of the farmers in respect of their membership of the BDG groups was compared based on
gross margin per head. The gross margin is estimated by subtracting the total variable costs
from gross farm revenue. The conditional difference-in-differences analysis was conducted
separately for the dairy and sheep BDG groups.
An overview of the farm characteristics of the BDG groups stratified by treatment
status is presented in Table 1. The results of the analysis showed a statistically significant
difference in farm characteristics between farmers participating in the BDG programme
and the non-participants with regard to most matching variables, particularly for the dairy
BDG group. For example, it can be observed in both groups that farmers in the BDGs
have larger land areas, larger herd size, are younger and are the more profitable farmers.
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The higher profitability of the BDG farmers may be associated with the fact that farmers
who join participatory extension programmes are more motivated to improve farm-level
profitability and are therefore more likely to adopt new technologies and improved farm
management practices [3]. Previous studies in the literature, for example, Davis, Nkonya,
Kato, Mekonnen, Odendo, Miiro and Nkuba [30] and ref. [5] also found initial differences
between participants and non-participants of participatory extension programmes.
Table 1. Descriptive statistics on characteristics of the BDG and Non-BDG Farmers, 2015.
Variables Unit
BDG Farmers Non-BDG Farmers Mean Difference
Mean SD Mean SD
Dairy Group N = 159 N = 48
Land area Hectares 55.1 30.7 42.8 24.3 12.2 **
Age of farmer Years 44.9 11.8 54.7 12.8 −9.8 ***
Size of herd Cow numbers 120.6 66.9 85.7 50.7 34.9 ***
Gross margin £/cow 646.1 206.4 490.7 194.7 155.4 ***
Milk yield Litres per cow 7646.1 1323.3 6366.1 1495.3 1279.9 ***
Sheep Group N = 57 N = 45
Land area Hectares 71.4 58.1 61.3 33.8 10.1
Age of farmer Years 46.7 12.2 54.9 11.8 −8.1 ***
Size of herd Ewe numbers 230.2 180.8 198.8 167.3 31.3
Gross margin £/ewe 53.6 27.8 30.6 20.2 22.9 ***
Double and triple asterisks (**, ***) indicate significance at the 5% and 1% level, respectively.
5. Results and Discussion
5.1. Probit Estimates, Common Support Region and Balancing Property Check
The parameter estimates for the first stage of the conditional difference-in-differences
analysis is presented in Table 2. The probit regression model was employed to construct
the propensity scores that were used for matching prior to conducting the difference-in-
differences analysis. The analysis undertaken by making use of the baseline (2015) data
reveals some interesting results relating to the determinants of membership of the BDG
groups. For the dairy BDG group, the results of the analysis show that age and herd size
were statistically significant factors influencing the decision to join the dairy BDG group.
For the sheep BDG group, we found age and farm location to be statistically significant
factors influencing the decision to join the BDG group.
Table 2. Probit model estimates.
Dairy Group Coefficient Standard Error
Herd size (no of dairy cows) 0.0099 ** 0.0044
Age (years) −0.0408 *** 0.0089
Land area (ha) −0.0075 0.0097
Constant 2.0817 *** 0.4716
Sheep Group
Herd size (no of ewes) 0.0008 0.0009
Age (years) −0.0372 *** 0.0118
Land area (ha) 0.0043 0.0039
Disadvantage Area (DA) −0.6417 0.3982
Severely Disadvantage Area (SDA) −1.3817 *** 0.3287
Constant 2.3435 *** 0.6869
Double and triple asterisks (**, ***) indicate significance at the 5% and 1% level, respectively.
The results show that relative to sheep farms on the lowland, the farmers in severely
disadvantaged areas are less likely to participate in the BDG programme. This result is
similar to that obtained by Hennessy and Heanue [3] who found that dairy farmers in more
advantaged regions are more likely to take part in dairy discussion groups.
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5.2. Quality of the Matching
An observation of the balancing property of each observed covariates between the
treatment and the control groups after matching showed that they are all sufficiently
balanced. This reflects the effectiveness of the propensity score kernel matching as sampling
bias was reduced in the initial period 2015 (before programme participation). This is
verified by comparing the joint significance of all matching variables in the probit models
before and after matching for both BDG groups. The initial statistically significant difference
in the matching covariates for treatment and the control groups have become statistically
insignificant and therefore indicating a significant reduction of the selection bias (Table 3).
The implementation of the common support requirement resulted in the dropping of
9 farms that were outside the common support region in the sheep BDG and 29 farms for
the dairy BDG.
Table 3. Quality of matching variables.
Dairy Group








(N = 45) % Bias
% Reduction
|Bias|
Herd size (no of dairy cows) 120.6 85.7 58.9 104.37 101.2 5.3 90.9
Age (years) 44.9 54.7 −80.0 46.9 46.3 4.8 94.0
Land area (ha) 55.1 42.8 44.2 48.3 46.8 5.3 88.1







Herd size (no of ewes) 230.2 198.9 18.0 224.0 206.2 10.3 43.0
Age (years) 46.7 54.9 67.9 47.5 47.2 1.9 97.2
Land area (ha) 71.3 61.3 21.2 62.5 71.5 −19.0 10.4
5.3. Impact of Membership of BDG Programme on Farm Gross Margin
The results of the analysis using the conditional difference-in-differences approach
to examine the impact of membership of the BDG groups on gross margin performance
are presented in Table 4. The results of the analysis show that membership of the dairy
and sheep BDG groups has a positive and statistically significant impact on farm gross
margin performance. The results showed that farmers who are members of the dairy
BDG group increased their gross margin per cow by £109.10, compared to dairy farmers
that are not members of the BDG programme. For members of the sheep BDG groups,
participation in the BDG group resulted in a £17.10 increase in farm gross margin compared
to non-membership over the three years period. This result is similar to that obtained
by Läpple, Hennessy and Newman [5] in which they found a positive and statistically
significant impact of membership of dairy discussion groups in Ireland on-farm gross
margins. Participation in the BDG programme exposes the farmers to a wide variety
and range of information and when applied on farm enhances their farm operations
thus improving financial performance. Our study result also supports findings from
similar research by Cawley, O’Donoghue, Heanue, Hilliard, Sheehan and Stefanou [20]
and Davis, Nkonya, Kato, Mekonnen, Odendo, Miiro and Nkuba [30] conducted on the
impact of participatory extension programmes on farm income, indicating that members
of participatory extension groups have a significant effect on members’ farm profitability.
Given the current climate in which farmers are faced with a rapidly changing environment,
education and training in the form of the participatory extension programme have the
potential to help them understand how and what information to acquire; to make better use
of information and to become innovators and early adopters of new technologies resulting
in improved farm income levels.
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Table 4. Impact of BDG membership on gross margin.
BDG Type Gross Margin (£/Head) Standard Error t-Value
Dairy 109.1 * 58.3 1.87
Sheep 17.1 ** 7.8 2.2
* and ** Indicate significance at the 10% and 5% levels, respectively.
6. Conclusions
This study analysed the impact of membership of dairy and sheep Business Devel-
opment Groups (BDGs) on-farm gross margin by employing the conditional difference-
in-differences methodology. The approach combines a non-parametric score matching
estimator with a DiD analytical technique to address the endogeneity of BDG participation.
The approach which employs a kernel matching algorithm can overcome hidden bias
by addressing, in a flexible way, selection on observables as well as those unobservables
associated with the decision to participate in the BDG programme. Assuming that BDG
participation is as good as random after controlling for observable farm characteristics and
that the parallel trends assumption holds between BDG participants and non-participants,
then we can interpret our results as being attributable to the causal effects of the BDG
programme on farms’ economic performance. Even if these assumptions are not perfectly
satisfied, we argue that our estimates are the most credible possible given our nonexperi-
mental context. The study provides robust evidence to inform policy development around
the area of participatory extension programmes. Our findings reveal that the membership
of the BDG groups has a statistically significant and positive impact on farm gross margin
performance. The study results show that organising farmers into participatory extension
groups can increase the farm business’ income and contribute to the competitiveness of
the farming sector. The results have practical implications for the design of participatory
extension programmes for different enterprise groups. It shows that in designing par-
ticipatory extension programmes for farmers, policymakers should consider the diverse
characteristics of the various enterprise groups. It supports the design of efficient agricul-
tural education and extension systems that incorporate the ideas of the farmers themselves
through peer-to-peer learning, thereby maximising both the economic and social benefits
accruable from such programmes.
In the interpretation of the study results, however, it should be noted that the con-
ditional DiD methodology employed in this study is implemented on the assumption
that the model contains the ‘appropriate’ (observable) covariates that may influence the
programme effect before and after matching. However, unobservable covariates may result
in different trends between the treatment and control groups, which could bias the results
obtained. Despite this limitation, we consider the conditional DiD approach for programme
evaluation to be a useful analytical technique in the empirical evaluation of government
programmes as it provides a suitable way of dealing with potential endogeneity and treat-
ment heterogeneity issues of intervention programmes like the BDG. It is also important to
note that this study focuses solely on the economic impact. However, participation in the
BDG programme can have a much wider impact including environmental outcomes from
a farm production perspective. Furthermore, from a human and social perspective, there
may be benefits for participants’ mental health through the opportunities to engage socially
with other like-minded farmers. Future studies can evaluate the inter-relationship between
membership of the BDG programme and environmental indicators such as greenhouse
gases and ammonia emissions as well as on social and psychological well-being.
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